Abstract: Brain image segmentation is an important part of clinical diagnostic tools. Due to the affection of imaging mechanism, MR images usually contain noise and bias field. Traditional Gaussian Mixed Model (GMM) method is difficult to obtain a good segmentation result. We propose a novel model based on GMM which combines segmentation with bias correction that can manage the bias field and noise while segmenting the image. Fuzzy C-means method is used for optimizing the initial value to reduce the impact of initial value. In order to obtain a smooth bias field, we employed the Legendre Polynomials to fit it and merged it to the EM framework. We also introduce the non local information to deal with the image noise and preserve geometrical edges in the image. The results show that our method can get a good segmentation results and bias field.
Introduction
In recent years, the incidence of diseases such as Parkinson and Alzheimer [1] gradually increased, brain diseases have become a major threat to human health. Medical imaging technology has a qualitative and quantitative analysis of brain tissue, which is used to make the diagnosis of brain diseases. In many biological imaging methods, the magnetic resonance imaging (MRI) is very effective for the soft tissues such as the brain tissues due to its special imaging mechanism.
The data obtained in Medical imaging needs pretreatment, in which image segmentation is the key to the computer image analysis. Medical images contain complex structures and their precise segmentation is necessary foe clinical diagnosis. The segmentation of magnetic resonance (MR) images of the brain [2] is important in the study of many brain disorders, for example, the quantification of white matter and gray matter.
Because of the ambiguity of the internal brain organization and the inherent uncertainty of MR images, the fuzzy clustering technique is widely used in MR image segmentation. The fuzzy c-means (FCM) [3] is the most popular method. But FCM only considers intensity of image and in noisy images, intensity is not trustful. Gaussian Mixed Model (GMM) [4] is widely used in clustering analysis and estimation of distribution, and it is also played an important role in the MR image segmentation because it can describe the whole image. The key of this approach is use the EM algorithm [5] to estimate the model parameters, but the EM algorithm is heavily dependent on the initial values and is sensitive to noise. The other problem for MR image segmentation is the corruption with a smoothly varying intensity inhomogenetiy or bias field which is caused by equipment limitations.
In this paper we focus on the bias correction component of the algorithm, we used the Legendre polynomial [6] to fitting the bias field and integrated it into the EM framework. We also introduced the non local information [7] to the parameter estimation to make it robust against noise. The new model can segments the MR images and meanwhile estimates the bias field.
Methods

Traditional Gaussian Mixed Model
For most MR images, the gray distribution of most regions obeys Gaussian distribution. Gaussian Mixed Model is probability density to estimate distribution in each class. It is the ideal model to describe the slow change of grayscale in the image. is the parameters for class j ,the overall probability density for
is the Gaussian distribution parameters of the mixed model.
is the priori probability of Gaussian component j . The probability density for image I given the model is
The maximum likelihood estimates for the parameters 
.
EM algorithm was a statistical method, it has been widely used in image processing and pattern recognition because it can solve the parameter estimation problem of Gaussian mixed model well. This algorithm is a maximum likelihood estimation method for solving the model parameters from incomplete data.
EM algorithm is simple and stable but it is heavily dependent on the initial value and easy to fall into local optimum, so we first use the fuzzy c-means to get the initial 
in E-step we calculates the expectation, the function shows the likelihood ratio between each pixels and the class 
we can get the parameters from (4) and (5) :
in M-step we computes parameters maximizing the expected likelihood found on the E-step. These parameter-estimates are then used to determine the distribution of the latent variables in the next E-step. We iterate the E-step and M-step until convergence.
Gaussian Mixed Model with bias correction
The observed MRI signal J is the product of the true signal I generated by the bias field B , and an additive noise N :
(10) Given the observed signal J , the problem is to estimate the true image I . To simplify the computation, we ignore the noise and take the logarithmic transform of both sides. (3) and (4) we can get:
This approach can segments the image meanwhile estimates the bias field.
Non local denoising algorithm
Bias field is the major problem for image segmentation, but the observed image also influenced by noise. Gaussian mixture model is based on the gray scale information and sensitive to noise. There are many methods used for image denoising. Local spatial information was introduced to reduce the influence of noise in the segmentation process. It is improved to take into consideration the neighbor pixels' gray information when calculating the posterior probability. Because the neighborhoods of each pixel contain both target and non-target points when corrupted by noise, we need to increase the weight of the target point to avoid over-segmentation. We utilize non local mean to weight the prior probability, and (3) was changed to have larger weights .The non local means not only use the adjacent pixels, but the similar configuration in a whole neighborhood. It performed well at image denoising.
Implementation and Results
Brain MR images with different noise and bias field were segmented using our method, we selected the simulation brain MR image from brain web database of McGill university. Figure 1 shows the results of MR image with 3% noise and 80% INU. Due to the bias field, the traditional GMM have an inaccurate segmentation while our method obtains good result similar to the ground truth. In figure 2 we increased the noise level to 5% and our method obviously has a good robustness against noise.
Conclusion
In this paper, we proposed a method for MR segmentation and bias field correction using an improved Gaussian mixed model. We extend the traditional GMM to a new model with bias correction meanwhile used the fuzzy c-means to get the initial value to reduce the local optimal problem of EM algorithm. We also introduced the non local information to the model in order to increase the model's robustness against noise. The results show that the presented method can accurately segments the brain MR images corrupted by bias field and noise. 
